Abstract
3
In addition to the intensity evaluation method based on human observations, another approach is 66 to determine intensity from the peak ground motion, either velocity or acceleration, at a station 67 near the site of interest. Empirical relationships then are employed to calculate intensity level 68 (Worden et al., 2012) . Results can be obtained much faster than results obtained from the 69 observation-based analysis. A successful realization of this method is the ShakeMap application, 70 also developed by the USGS (Wald et al., 2006) .
71
The intensity evaluation approaches can be divided into two main categories according to the 72 input information source type, above. The first evaluation category employs social sensor data 73 from people who witness the consequences of the earthquake. The second utilizes data from 74 physical sensors, such as seismometers and accelerometers to estimate intensity. Although the 75 first method historically estimated intensity at a much slower rate than that of physical sensors, 76 today electronic questionnaires and observers' reports can be supplemented with auxiliary online 77 data sources from social networks, where people also share their observations after an 78 earthquake. Here we access data from the online social networking service Twitter. Twitter 79 enables users to send and read short 140-character messages called "tweets". Registered users 80 can read and post tweets while unregistered users can only read those tweets. Users can access
81
Twitter through the website interface, SMS or a mobile device application that is the true source 82 of the real-time nature of tweets (Twitter, 2016) . Twitter data is immediately available in a data 83 stream, which can be mined using stream mining techniques (Schonfeld, 2009) . In this study we 84 work with data following the stream model. In this model, data arrive at high speed and data 85 mining algorithms must be able to predict intensity level in real-time and under strict constraints 86 of space and time (Bifet et al., 2010) .
87
Previous studies have shown the potential of Twitter data for earthquake detection (Earle et al., 88 2010 (Earle et al., 88 , 2011 Sakaki, 2010; Crooks, 2012; Burks et al., 2014) and intensity estimation Napa earthquake. Figure 1 shows the ratio between the combined data (instrumental and Twitter) and the MMI intensity values recorded from the USGS in the Napa region. The ratio between 95 estimated and actual intensity is relatively low for this particular earthquake. The proposed joint 96 processing technique using social and physical data demonstrates a significant potential for near 97 real-time predictive streaming applications. However, the developed empirical relationships 98 between earthquake intensity and tweet rates still need to be validated for all of California and 99 other seismically active regions of the world and, if necessary, they need to be spatially 100 calibrated.
101
The statistical complexity of validating and calibrating the model is complicated by the fact that
102
Twitter data stream is limited for open public access. The basic levels allow only up to 1% of the 103 total tweets volume to be streamed (Twitter, 2016 
127
The selection of seismic events used in this validation is dictated by two constraints. The first is After building a data set for each event that is limited in time and space, we generated a tweet-156 frequency time series with one second time bins and normalized to number of tweets per minute.
157
Note that in the current study we did not use strong motion records and did not calculate 158 intensity level using empirical relationships. Instead, for each point from the Twitter data set we 159 assigned an MMI intensity value from the instrumental intensity database of the USGS National 
Relationship Validation

166
Earlier relationships between positive tweet rates and observed MMI were developed only using 167 data from the Napa earthquake (Kropivnitskaya et. al, 2016) . In order to employ them to 168 supplement data from physical sensors for more accurate real-time intensity maps production, events are not large enough to validate empirical relationships at intensity levels higher than VI.
175
As a result, the three-segment model is excluded from the validation test.
Both earthquakes' datasets show that the positive tweets rate increases slower than that predicted 177 by the empirical relationships for the Napa earthquake derived in Kropivnitskaya et al. (2016) .
178
The residuals for both events are shown with whisker diagrams for different models in 
206
For small magnitude earthquakes, where an earthquake can be approximated by a point source, 207 the difference between point and extended source distance metrics can be minimal. However, at 208 larger magnitudes where source finiteness can be significant, prediction equations which use 209 point source distance metrics may not be applicable (Cua et al., 2010) . In this evaluation, we 210 consider the epicentral distance, a point-source distance metric, as a potential predictor for the equations of Kropivnitskaya et al. (2016) . The anticipated influence of the distance metric on the 212 predictive equations is based on the assumption that number of positive tweets and tweet rates 213 are expected to attenuate with distance from the epicenter. As a result, the behaviour of the 214 ground motion components may vary with epicentral distance and result in a variation in the type 215 and/or magnitude of structural damage. To assess this possibility, we plotted residuals versus 216 epicentral distance (Figure 4a, c, e) . Note that these plots do not exhibit a systematic structure 217 and, as a result, the form of the function cannot be improved using that predictor. 
Calibration of Existing Relationships
248
In validating the earlier relationship in the previous step, discrepancies were noted in the spatial 
263 where eo accounts for measurement error in the observations, and em is the model error.
264
The calibration here is an inverse procedure. An inverse estimator C that connects the 265 observations MMI to "good" estimates of the parameters of interest:
We used known data in the observed relationship between the dependent variable MMI and 268 independent variable logarithmic tweets rate to estimate values for regions other than Napa
269
Valley using new observations from the earthquakes listed in the Table 1 . Linear regression is 270 used to produce new regression coefficients for each region. We regress instrumental MMI 271 against the logarithmic mean of the number of tweets per minute to obtain new predictive 272 equations (Figure ) within a legitimate range of values for each model (see Table 2 ). We also the error terms are normally distributed is not met in that case. 
